Auditory categorization is a natural and adaptive process that allows for the organization of high-dimensional, continuous acoustic information into discrete representations. Studies in the visual domain have identified a rule-based learning system that learns and reasons via a hypothesis-testing process that requires working memory and executive attention. The rule-based learning system in vision shows a protracted development, reflecting the influence of maturing prefrontal function on visual categorization. The aim of the current study was twofold: (a) to examine the developmental trajectory of rule-based auditory category learning from childhood through adolescence and into early adulthood and (b) to examine the extent to which individual differences in rule-based category learning relate to individual differences in executive function. A sample of 60 participants with normal hearing-20 children (age range = 7-12 years), 21 adolescents (age range = 13-19 years), and 19 young adults (age range = 20-23 years)-learned to categorize novel dynamic ''ripple" sounds using trial-by-trial feedback. The spectrotemporally modulated ripple sounds are considered the auditory equivalent of the well-studied ''Gabor" patches in the visual domain. Results reveal that auditory categorization accuracy improved with age, with young adults outperforming children and adolescents. Computational modeling analyses indicated that the use of the task-optimal strategy (i.e., a conjunctive 
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hypothesis-testing system is predominantly driven by the prefrontal cortex, which shows a protracted maturational profile (Ashby et al., 1998; Gabrieli, Brewer, Desmond, & Glover, 1997; Schacter & Wagner, 1999) . The prefrontal cortex (PFC) is not completely mature until early adulthood. Indeed, in studies examining rule-based learning in the visual domain, a consistent finding is that adults outperform children, especially when categorization involves complex rules. This performance difference has been attributed to protracted development of executive function in children (Casey, Tottenham, Liston, & Durston, 2005; Crone, Donohue, Honomichl, Wendelken, & Bunge, 2006; Huang-Pollock, Maddox, & Karalunas, 2011; Minda, Desroches, & Church, 2008; Rabi, Miles, & Minda, 2015; Rabi & Minda, 2014) . Rabi and Minda (2014) examined the learning of a rule-based task in children (4-11 years) and adults (18-27 years) . The stimuli in their experiment were ''Gabor" patches that varied in spatial frequency and orientation. For this two-category learning task, the computational strategy that maximized accuracy was to place low spatial frequency items into category A and high spatial frequency items into category B while ignoring the irrelevant variation in spatial orientation. The results revealed that (a) rule-based learning shows a protracted development, as indexed by learning accuracies and the use of the optimal strategy; (b) performance across groups was equivalent when comparing adults and children who used the optimal strategy; and (c) within the children, working memory capacity was related to improvements in rule-based category learning as a function of age.
The extent to which results from studying rule-based learning in the visual domain can be generalized to the auditory domain is an open question. There is clearly a human capacity to learn auditory categories via rules that is sustained even during adulthood (Bradlow et al., 1997; Chandrasekaran, Yi, et al., 2014) . Medical students and emergency medical technicians are taught (during adulthood) to interpret auscultation on the basis of rules. For example, a high-pitched, discontinuous crackling lung sound during inspiration is indicative of abnormality (and therefore is critical in normal vs. abnormal lung auscultation categorization). These auditory rules can be complex and multidimensional; when the ''crackle" appears early in the inspiratory phase, it can be indicative of bronchitis, whereas late in the inspiratory phase it can indicate pneumonia. Rules can be constructed using simple auditory dimensions as well (Lichtenstein et al., 2004) . The Morse code, for example, uses rules based on simple standardized short and long auditory signals called ''dots" (a 50-ms tone) and ''dashes" (made up of three dots) to communicate complex information. Speech and musical categories, the most ubiquitous auditory signals, are optimally learned implicitly but can also be acquired (likely suboptimally) via explicit instructional methods . For example, in Mandarin, a tone language, pitch trajectories within a syllable can indicate different words and, hence, are a categorical distinction in that language. Second language learners are explicitly taught these category distinctions using rules; Tone 1 has a high-level pitch trajectory, Tone 2 has a low-rising pitch trajectory, Tone 3 has a low-dipping pitch trajectory, Tone 4 has a high-falling pitch trajectory, and so on.
The concept of multiple learning systems mediating categorization has recently been applied in the auditory domain in studying vowel processing (Maddox, Molis, & Diehl, 2002) as well as learning tonal categories during adulthood Chandrasekaran, Yi, et al., 2014) . These studies have shown that successful learning of speech categories activates the neural circuitry involved in implicit procedural learning . However, the circuitry underlying the rulebased system, including the PFC, is also activated during learning but is not associated with successful learning . Computational modeling results indicate that successful speech learning requires switching control from the rule-based system to the procedural-based system Chandrasekaran et al., 2015; Maddox, Chandrasekaran, Smayda, & Yi, 2013; Yi et al., 2014) . However, disambiguating the relative contribution of the two learning systems is challenging with natural unconstrained speech categories. For example, similar learning accuracies can be achieved by using multidimensional conjunctive strategies as well as multidimensional implicit, procedural-based learning strategies . Therefore, there is a need to study the learning of novel auditory category structures that are constrained by the experimenter, so that the optimal strategy can be predetermined (e.g., to be rule based).
The current study
In the current study, we examined the developmental trajectory of auditory rule-based category learning by studying children, adolescents, and adults using behavioral and computational modeling methods. In addition, we examined the extent to which conjunctive rule-based strategies are associated with individual differences in executive function independent of age. This study addresses a number of unanswered questions and will ultimately shed light on the underlying perceptual and cognitive factors associated with optimal auditory rule-based category learning. In the next few subsections, we expand on our experimental design by focusing on the motivation for our choice of category structure and auditory dimensions. We then discuss the computational modeling methods and conclude with specific hypotheses.
Category structure
We used a two-dimensional, four-category rule-based structure modeled after prior work in vision. In the visual domain, studies have shown that this type of multidimensional category structure (shown in Fig. 1 ) is impacted by training manipulations that target the rule-based learning system but not those that target the procedural-based learning system (Maddox & David, 2005; Maddox, Filoteo, & Lauritzen, 2007; Maddox, Love, Glass, & Filoteo, 2008) . The advantage of using multidimensional, conjunctive rule-based categories is that they are more likely to yield a broader age effect (because they are more challenging to learn). In addition, it is likely that the use of multidimensional (i.e., conjunctive) rules relative to unidimensional rules will increase with age, and we will be able to test this rigorously for the first time through computational modeling.
Auditory dimensions
As shown in Fig. 1 , the two dimensions used are spectral and temporal modulation. There are several motivations for the choice of dimensions. First, spectrotemporally modulated ''ripple" sounds are considered the auditory analogs of Gabor patches, which have been extensively used to study rule-based learning (Visscher, Kaplan, Kahana, & Sekuler, 2007) . Second, ripple sounds have been extensively studied in animals and humans using electrophysiological (single neuron), neuroimaging, and behavioral methods (Depireux, Simon, Klein, & Shamma, 2001; Langers, Backes, & van Dijk, 2003; Schönwiesner & Zatorre, 2009 ). These studies reveal that the representation of each dimension is independent of the other (neurally separable) at multiple levels of auditory processing (Depireux et al., 2001; Langers et al., 2003; Schönwiesner & Zatorre, 2009 ). Third, low-frequency spectral and temporal modulations are inherent to natural sounds (Santoro et al., 2014; Singh & Theunissen, 2003) ; therefore, the ripple sounds are considered building blocks of complex auditory signals that are relevant to the human auditory soundscape. Fourth, a previous study found that short-term memory processes are comparable across visual and auditory modalities when Gabor patches and auditory ripple sounds were used as stimuli (Visscher et al., 2007) . It is important to note that, relative to vision, the auditory dimensions are more difficult to verbalize (especially the spectral modulation dimension). It is also important to note that the presence of a ''verbal system" is not a prerequisite for rule-based learning. As an example, macaques can learn rule-based category structures, suggesting that a lack of a language system does not preclude rule-based learning (Smith et al., 2012) .
Computational modeling of perceptual and decisional processes
To elaborate on strategy differences in auditory rule-based learning related to age, we examined decisional and perceptual processes using multidimensional (MD) signal detection theory (Ashby & Townsend, 1986; . In this framework, each presentation of a single stimulus yields a distinct perceptual effect that, across trials, is represented by a multivariate normal distribution of perceptual effects (Ashby & Townsend, 1986) . Changes in the perceptual variances are associated with perceptual selectivity, with smaller variances being associated with more veridical perception. In this framework, we can also examine decisional processes that involve constructing decision bounds (defined in detail later) that carve up the perceptual space into separate response regions. Perceptual and decisional processes are theoretically independent and, therefore, have unique identifiable parameters (Ashby & Townsend, 1986; Green & Swets, 1966; .
Auditory perceptual development has been relatively well studied in human and animal models (Sanes & Woolley, 2011) . Sanes and Woolley (2011) summarized two major themes that emerge from an extensive survey of the literature on auditory perceptual maturation, namely that (a) perceptual development continues through adolescence and (b) adult-like performance varies based on the particular auditory feature/dimension examined. For example, frequency modulation detection is adult-like before adolescence, but amplitude modulation detection exhibits a more protracted development (Banai, Sabin, & Wright, 2011) . Perceptual learning of even basic auditory features is not adult-like by adolescence (Huyck & Wright, 2011) . Given these findings, it is important to assess the relative contribution of emerging perceptual abilities and decisional processes to individual differences in auditory rule-based category learning. To this end, in the current study we examine changes in perceptual processing and decisional processes (strategy use) as a function of age.
Hypotheses
To date, no studies have examined the development of rule-based category learning in the auditory domain, and no studies in vision or audition have examined rule-based category learning in adolescents. These critical gaps in our understanding of rule-based category learning motivated the current study. We predicted that adults would outperform children and adolescents in the rule-based auditory learning task and that computational models would corroborate the accuracy results by indicating more optimal multidimensional rule use and more veridical percept in adults relative to adolescents and children. The bases of these predictions are that the PFC, the critical component of rule-based processing, is not fully mature until adulthood. In addition, we hypothesized that individual differences in executive function, as measured by performance on the Wisconsin Card Sorting Test (WCST), would predict learning accuracy as well as optimal strategy use.
Method

Ethics statement
The current study was approved by the institutional review board of the University of Texas at Austin. Written informed consent was obtained from all participants. For children and adolescents under 18 years of age, written informed consent was obtained from parents prior to participation.
Participants
All study participants had 6 years of past music training and were not currently practicing a musical instrument. This is due to the fact that previous studies have shown that music experience influences auditory learning (Kraus & Chandrasekaran, 2010; Skoe & Kraus, 2012; Strait, Kraus, Parbery-Clark, & Ashley, 2010) . Participants had normal hearing confirmed via audiometric screening test 20 dB in both ears for octaves ranging from 1000 to 4000 Hz.
A sample of 41 children and adolescents with normal hearing were recruited from St. Elias Orthodox Church School in Austin, Texas, in the southern United States. In addition, 19 adults with normal hearing were recruited from the University of Texas at Austin. All participants reported no diagnosis of a developmental disability and had above average nonverbal intelligence, which was confirmed by the Kaufman Brief Intelligence Test-Second Edition (KBIT-2; Kaufman & Kaufman, 2004) . All standard scores for the KBIT-2 have a mean of 100 and a standard deviation of 15, with the average range being defined as scores between 85 and 115. All participants had average or above average verbal and nonverbal memory, which was confirmed by the Test of Memory and Learning-Second Edition (TOMAL-2; Reynolds & Voress, 2007) . The TOMAL-2 is another standardized assessment tool with a mean of 100 and a standard deviation of 15, with normal limits ranging from 85 to 115. The KBIT-2 and TOMAL-2 were used as screening tools (see Table 1 for scores). The WCST was used as an independent measure of individual differences in executive function. On completion of all experimental procedures, children received $10 compensation per hour as well as a prize for their participation. Adult participants were compensated $10 per hour for their participation.
Background measures General Background Questionnaire
Demographic information was collected from the adult participants and the child participants via parents in order to control for socioeconomic status and to confirm that no individual had a developmental disability.
Yale Journal of Sociology Four Factor Index of Social Status
The Yale Journal of Sociology Four Factor Index of Social Status (Adams & Weakliem, 2011 ) was used to calculate reliable socioeconomic scores for each participant and to control for socioeconomic environment. The Social Stratum for each participant was derived by a four factor index of social status that equals Occupation Â Education Â Sex Â Marital Status. All participants' family social strata in this study fell into two categories: (a) medium business, minor professional, technical (Social Stratum range = 40-54) or (b) major business and professional (Social Stratum range = 55-66).
Kaufman Brief Intelligence Test-Second Edition
The Nonverbal Matrices subtest of the KBIT-2 (Kaufman & Kaufman, 2004 ) was administered to assess the nonverbal intelligence for all participants. This assessment tool has been normed for the age range of 4.0 to 90.0 years. The standard procedure as described in the administrator's manual was used for testing and scoring.
Test of Memory and Learning-Second Edition
The TOMAL-2 (Reynolds & Voress, 2007) has been normed for the age range of 5.0 to 59.11 years. The test is composed of eight core subtests: Memory for Stories, Facial Memory, Word Selective Reminding, Abstract Visual Memory, Object Recall, Visual Sequential Memory, Paired Recall, and Memory for Location. These subtests yield verbal, nonverbal, and composite memory indices.
Experiment materials Auditory ripple stimulus space
All auditory stimuli varied along the two well-defined dimensions of temporal modulation and spectral modulation. A total of 600 stimuli were generated in the spectrotemporal modulation space, with 150 being sampled from each of four categories (see Fig. 1A ). Each category was bivariate normally distributed with the following means and variances and with all covariance terms equal to zero: 
where S abstract is a 150 Â 2 matrix containing the original abstract coordinates. These frequency bounds were selected for their correspondence with the spectrotemporal properties of naturally occurring complex sounds (Schönwiesner & Zatorre, 2009; Woolley, Fremouw, Hsu, & Theunissen, 2005) . The frequency ranges for the auditory stimuli were specifically chosen to reflect the low-pass filter characteristics of the auditory system (Schönwiesner & Zatorre, 2009; Woolley et al., 2005) . The spectrotemporally modulated sounds were generated using a custom MATLAB script with the following parameters: duration = 1 s; phase = 0°; F 0 = 200 Hz; spectral bandwidth = 3 oct; amplitude modulation depth = 30 dB; root mean square (RMS) amplitude = 82 dB; sampling rate = 44.1 kHz.
Because the category means form a rectangle in the spectrotemporal modulation space, and the variance is fixed across categories along the spectral modulation and temporal modulation dimensions, the optimal strategy is to set a criterion along the spectral modulation dimension and to set a criterion along the temporal modulation dimension. The optimal spectral modulation decision criterion is 1.05 cyc/oct, and the optimal temporal modulation criterion is 8 Hz. These are then combined in such a way that low spectral and low temporal modulation is associated with Category A, high spectral and low temporal modulation is associated with Category B, low spectral and high temporal modulation is associated with Category C, and high spectral and high temporal modulation is associated with Category D.
Wisconsin Card Sorting Test
The WCST is a ''gold standard" measure of executive function in neuropsychology (Heaton, 1993 ) and examines single-dimension rule learning and set shifting by challenging participants to sort cards by number, color, and shape. Neuroimaging work has demonstrated that implementation of the WCST increases demand on attention, working memory, and cognitive control and, in turn, activates the right dorsolateral prefrontal cortex (DLPFC) and anterior cingulate cortex (ACC) (Lie, Specht, Marshall, & Fink, 2006) . The DLPFC and ACC are integral components of the rule-based learning system (Adams & Weakliem, 2011) . Therefore, the WCST is a valid index of individual differences in executive function specific to those executive functions engaged in rule-based processing (e.g., attention, working memory, cognitive control).
Procedure
Before the categorization experiment was completed, all participants signed an informed consent document and completed an audiometric screening test following a protocol approved by the institutional review board of the University of Texas at Austin. Adult participants, and parents of child and adolescent participants under 18 years of age, completed background forms confirming that they had no developmental disability. The experiment took place in a sound-attenuated booth using E-Prime 2.0 software (Schneider, Eschman, & Zuccolotto, 2002) . The ripple stimuli were bilaterally presented to participants through Sennheiser headphones at a fixed comfortable loudness level of approximately 70 dB SPL (sound pressure level), as measured by a sound level meter. This level was maintained across all participants.
Session 1: Category learning and intelligence measures
All participants were instructed to listen to sounds in each trial and categorize them into one of the four categories using number keys 1, 2, 3, and 4. Following each trial-by-trial response, feedback was presented immediately as ''Right" or ''Wrong" with an alien who was shown smiling or frowning, respectively. Each stimulus was presented once following a randomized sequence for individual sessions, resulting in 600 trials for each learning session. To maintain the attention of the participants, the experiment had a solar system theme. All participants were told that they would be playing a solar system exploration game (see Fig. 1B for an example of the task). Following the rule-based auditory categorization task, the participants were given a break before completing the KBIT-2. The first experimental session lasted approximately 1 h.
Session 2: Memory and executive function measures
Approximately 1 week after the completion of the ripple categorization task and the KBIT-2, the participants returned to complete the TOMAL-2 and the WCST. The second experimental session lasted approximately 1.5 h.
Results
Auditory categorization performance analyses
A mixed effects regression analysis was conducted to predict the accuracy of producing a correct response using the lmer program with binomial logit link (Bates, Maechler, & Bolker, 2012) . In mixed effects modeling analyses, fixed effects parameters are a set of possible levels of a covariate that are fixed and reproducible, whereas random effects represent a random sample from the set of all possible levels of a variable. We have employed similar analysis methods in previous articles involving auditory category learning Chandrasekaran et al., 2015; Yi et al., 2014) .
In the current analysis, trial-by-trial accuracy was set as the dependent variable. For each participant, the response to each trial was coded as ''correct" or ''incorrect." The log odds of producing a correct response in a given trial were estimated for fixed effects of age group (child, adolescent, or adult, where the adolescent group was the reference level), trial (increasing from 1 to 600, mean centered to 0), and their interaction terms. To correct for individual variability in learning trajectory, by-participant random slopes for trial number were also included. Four simple effects were estimated by the analysis. First, the intercept modeled the log odds of a correct response for adolescent group categorization accuracy in a given trial. Second, the adult effect modeled the difference between the adult group and adolescent group categorization accuracy. Third, the child effect modeled the difference between the child group and adolescent group categorization accuracy. Fourth, the trial effect modeled the adolescent group categorization accuracy across learning trials. The Adult Group Â Trial interaction effect allowed for comparison between the adult and adolescent groups across learning trials. Similarly, the Child Group Â Trial interaction effect allowed for comparison between the child and adolescent groups across learning trials. An estimate of zero for the interaction effect would suggest that the difference between two simple effects was fully accounted for by the separate effects. A significantly non-zero estimate would suggest the degree to which the two simple effects fail to account for the difference.
Effect of age on auditory categorization performance Fig. 2A displays the learning curves for children, adolescents, and adults. As observed in Table 2 , the adult group effect was significant (p < .001), indicating that adults had higher auditory categorization accuracy relative to adolescents. The child group effect was approaching significance (p = .08), indicating that auditory categorization accuracy in the child group was marginally significantly lower than the adolescent group accuracy. The trial effect was significant (p < .001), suggesting that the probability of an accurate response increased as a function of trial for adolescents. The Adult Group Â Trial interaction was significant (p = .002), suggesting that the accuracy increase as a function of trials was greater for adults relative to adolescents. The Child Group Â Trial interaction was significant (p < .001), suggesting that the accuracy increase over learning trials was smaller for children relative to adolescents. 1 Although the accuracy rates for children were low, they were significantly above chance in all six blocks (all p values < .001).
For completeness, we also compared block-by-block performance for adolescents and adults against chance, and in all six blocks for each age group the effects were significant (all p values < .001).
Model-based analyses
The accuracy-based analyses suggest that young adults show faster auditory rule-based learning relative to adolescents, whereas children show slower auditory rule-based learning relative to adolescents. Although informative in their own right, and often the only performance measure examined, accuracy rates do not provide information about the types of strategies that participants use to solve the task. To provide insights into the critical decisional processes involved in auditory category learning, we used computational models of the task that allow us to characterize the nature of the response strategy an individual is applying in a given task. We apply a series of decision-bound models originally developed for application in the visual domain and recently extended to the auditory domain Maddox et al., 2013 ) on a block-by-block basis at the individual participant level because of problems with interpreting fits to aggregate data (Ashby, Maddox, & Lee, 1994; Estes, 1956; Maddox, 1999) . We assume that each point in the two-dimensional spectrotemporal modulation space (displayed in Fig. 1A ) accurately describes the average (or mean) perceptual effects for each stimulus. We estimate parameters associated with the decision strategy being used by the participant. Each model assumes that decision bounds (or category boundaries created by the participant as he or she learns the categories) were used to classify stimuli into each of the four sound categories.
Here we provide a brief description of the decision processing assumptions of each model. Details are available in numerous previous publications . We applied four classes of models. The first two classes assume that the participant uses a multidimensional strategy. The conjunctive (CJ) rule-based model assumes that the participant sets criteria along the temporal modulation dimension and along the spectral modulation dimension and that these are then combined to determine category membership. This model contains two free decision criterion parameters and a single free parameter that represents noise in the perceptual system. The striatal pattern classifier (SPC) is a model that assumes a reflexive multidimensional strategy. This model captures many of the characteristics of implicit proceduralbased processing. However, at the computational level, this is a prototype model in which each category is represented by a single prototype in the temporal-spectral modulation space and each exemplar is classified into the category with the most similar prototype. Because the location of one of the prototypes can be fixed, and because a uniform expansion or contraction of the space will not affect the location of the resulting response region partitions, the multidimensional reflexive (prototype) model contains five free decision parameters that determine the location of the prototypes and a single free parameter that represents noise in the perceptual system. Unidimensional (UD) models assume that the participant sets criteria along the temporal modulation or spectral modulation dimension that are then used to determine category membership. For example, the unidimensional temporal modulation (UDX) model assumes that the participant sets three criteria along the temporal modulation dimension that are used to separate the stimuli into those that are of low, medium-low, medium-high, or high temporal modulation. Importantly, this model ignores the spectral modulation dimension. Although a large number of versions of this model are possible, we explored the four variants of the model that made the most reasonable assumptions regarding the assignment of category labels to the four response regions. Using the convention that the first, second, third, and fourth category labels are associated with low, medium-low, medium-high, and high temporal modulation, respectively, the four variants were 1234, 1243, 2134, and 2143. The unidimensional spectral (UDY) model assumes that the participant sets three criteria along the spectral modulation dimension. The model assumes that the three criteria along the spectral modulation dimension are used to separate the stimuli into those that are of low, medium-low, medium-high, or high spectral modulation. Importantly, this model ignores the temporal modulation dimension. Although a large number of versions of this model are possible, we explored the four variants of the model that made the most reasonable assumptions regarding the assignment of category labels to the four response regions. Using the convention that the first, second, third, and fourth category labels are associated with low, medium-low, medium-high, and high spectral modulation, respectively, the four variants were 1324, 1342, 3124, and 3142. These models contain three free decision criterion parameters and a single free parameter that represents noise in the perceptual system.
Notice that the UDX and UDY models assume that the participant stores three separate decision criteria in memory and uses these to generate categorization responses. This places an increased load on working memory and may be unlikely in children, adolescents, and even some younger adults. In light of this fact, we explored two other classes of unidimensional models. The first class assumes that the participant sets one criterion along the temporal modulation dimension. This criterion separates the space into stimuli ''low" versus ''high" in temporal modulation. Four versions of this model were applied to the data: (1) low temporal modulation was associated with Category 1, and high temporal modulation led to guessing among Categories 2, 3, and 4, with the guessing probabilities being free parameters; (2) low temporal modulation was associated with Category 2, and high temporal modulation led to guessing among Categories 1, 3, and 4; (3) high temporal modulation was associated with Category 3, and low temporal modulation led to guessing among Categories 1, 2, and 4; (4) high temporal modulation was associated with Category 4, and low temporal modulation led to guessing among Categories 1, 2, and 3. The second class assumes that the participant sets one criterion along the spectral modulation dimension. This criterion separates the space into stimuli low versus high in spectral modulation. Four versions of this model were applied to the data: (1) low spectral modulation was associated with Category 1, and high spectral modulation led to guessing among Categories 2, 3, and 4; (2) low spectral modulation was associated with Category 3, and high temporal modulation led to guessing among Categories 1, 2, and 4; (3) high spectral modulation was associated with Category 2, and low spectral modulation led to guessing among Categories 1, 3, and 4; (4) high spectral modulation was associated with Category 4, and low spectral modulation led to guessing among Categories 1, 2, and 3. All eight of these models include one decision criterion parameter, two guessing parameters (the third was fixed because the three guessing probabilities must sum to 1.0), and one perceptual noise parameter for a total of four parameters.
The fourth model is a random responder model that assumes that the participant guesses on each trial. All models except the random responder model also included a perceptual noise parameter that provided an estimate of trial-by-trial perceptual fluctuations.
Each of the models (except the random responder model) included a perceptual noise parameter. Fig. 1 displays a scatterplot of the spectral and temporal modulation values for each stimulus. In the models, we assumed that these values denote the mean perceptual effects of the stimuli, with variability in the trial-by-trial perceptual effects being estimated from the data. We assume that the perceptual variance along spectral modulation is identical to the perceptual variance along temporal modulation, that this value is identical across all stimuli, and that perceptual variability along the two dimensions is uncorrelated. Critically, a smaller perceptual variance is associated with a more veridical percept, and the decision processing assumptions associated with the different models are independent of one another (Green & Swets, 1966; . The fact that we can separately estimate perceptual from decisional processes is critical because it allows us to examine the developmental trajectory of each separately.
The models were fit to the category learning data from each trial on a block-by-block basis by maximizing negative log likelihood, and the best fitting model was identified by comparing Bayes information criterion (BIC) values for each model (Akaike, 1974; Schwarz, 1978) . BIC penalizes models with more free parameters. For each model i, BIC is defined as
where n is the number of trials being fit, L i is the maximum likelihood for model i, and V i is the number of free parameters in the model. Smaller BIC values indicate a better fit to the data. 2 We also determined the best fitting model from Akaike's information criterion (AIC), which is also derived from maximum likelihood estimation. In general, AIC tends to be more liberal, with models with more free parameters often providing the best account of the data. Because of the very large number of models being examined in this study, we decided to be more conservative with a bias toward models with fewer free parameters. Importantly, however, all of the qualitative patterns observed with BIC were mirrored with AIC.
Results of the model-based analyses
To assess the effect of age on computational strategies, we employed mixed effects regression analyses. Because the optimal strategy is conjunctive, for each participant conjunctive strategy use during each block was coded as ''true" or ''false" depending on whether the conjunctive strategy provided the best fit to the data in each block. The proportion of conjunctive strategy use was then set as the dependent variable. The log odds of using a conjunctive strategy in a given block was estimated for fixed effects of age group (child, adolescent, or adult, where the adolescent group was the reference level), block (increasing from 1 to 6, mean centered to 0), and their interaction terms. To correct for individual variability in conjunctive strategy use, by-participant random slopes for block number were included. Four simple effects were estimated by the analysis. First, the intercept modeled the log odds of conjunctive strategy use for the adolescent group in a given block. Second, the child effect modeled the difference between the child group and adolescent group conjunctive strategy use. Third, the adult effect modeled the difference between the child group and adolescent group conjunctive strategy use. Fourth, the block effect modeled conjunctive strategy use across learning blocks for the adolescent group. The adult group by block interaction effect allowed for comparison between the adult and adolescent groups across learning blocks. The child group by block interaction effect allowed for comparison between the child and adolescent groups across learning blocks.
Effect of age on conjunctive strategy use during auditory category learning
The proportion of participants in each age group best fit by each model type is displayed in Fig. 2B , and the mixed modeling results are displayed in Table 3 . The block effect was significant (p < .001), suggesting that conjunctive strategy use increases as a function of block for adolescents. The adult group by block interaction was significant (p < .001), suggesting that the increase in conjunctive strategy use over blocks was greater for adults than for adolescents. The child group by block interaction was significant (p < .001), suggesting that the increase in conjunctive strategy use over blocks was less for the child group relative to the adolescent group.
Effect of age on perceptual processing during auditory category learning
As outlined in the model description section above, a strength of our modeling approach is that we obtain separate estimates of perceptual processes. This allows us to examine the effects of development on decisional and perceptual processes separately. To examine the effects of age (children, adolescents, or young adults) on perceptual processing, we conducted a linear mixed effects regression analysis (see Table 4 ). In this analysis, perceptual noise was set as the dependent variable. The log odds of perceptual noise were estimated for fixed effects of age group (child, adolescent, or adult, where the adolescent group was the reference level) and block (increasing from 1 to 6, mean centered to 0), and their interaction terms. To correct for individual variability in learning trajectory, by-participant random slopes for trial number were included.
The adult group effect was significant (p < .001), indicating that perceptual noise was less for the adult group relative to the adolescent group. The child group effect was significant (p < .001), suggesting that overall perceptual noise was greater for the child group relative to the adolescent group. The block effect was not significant (p = .84), indicating that perceptual noise did not increase as a function of block for the adolescent group. There were no significant two-way interactions, suggesting that perceptual noise did not increase significantly more or less for the adult group and for the child group across learning blocks.
In addition, we estimated whether final block accuracy is related to optimal strategy use as well as perceptual variance (in the same model; see Table 5 ). In this analysis, final block accuracy was set as the dependent variable. The log odds of producing a correct response in a given trial of the final block were estimated for fixed effects of age group (child, adolescent, or adult, where the adolescent group was the reference level), final block strategy (conjunctive strategy vs. non-conjunctive strategy, where conjunctive strategy was the reference level), final block perceptual noise, and their interaction terms. To correct for individual variability in learning trajectory, by-participant random slopes for trial number were included.
The adult group effect was not significant (p = .32), indicating that final block accuracy for adult conjunctive strategy users did not differ from final block accuracy for adolescent conjunctive strategy users. The child group effect was not significant (p = .79), suggesting that final block accuracy for child conjunctive strategy users did not differ from final block accuracy for adolescent conjunctive strategy users. The final block non-conjunctive strategy effect was significant (p < .001), suggesting that nonconjunctive strategy use negatively predicted final block accuracy. The final block noise effect was also significant (p < .001), suggesting that perceptual noise negatively predicted final block accuracy. There were no significant two-or three-way interactions, suggesting that perceptual noise and nonconjunctive strategy use negatively predicts final block accuracy for all groups to a similar extent.
Individual differences in executive function
WCST as a predictor of auditory category learning success and conjunctive strategy use Mixed effects regression analysis was conducted to determine whether overall WCST performance was predictive of participants' overall accuracy using the lmer program with binomial logit link (see Table 3 Results of mixed effects logistic regression on conjunctive strategy use as a function of age group and block. Note. CJ, conjunctive. Table 6 ). For each participant, the response to each trial was coded as correct or incorrect. The log odds of producing a correct response in a given trial were estimated for fixed effects of trial (increasing from 1 to 600, mean centered to 0), overall accuracy in the WCST, and their interaction terms. To correct for individual variability in executive flexibility, by-participant and by-age random slopes for block number were included. Age was treated as a continuous variable. Three simple effects were estimated by the analysis. First, the intercept modeled the log odds of correct response in a given auditory category learning trial. Second, trial effect estimated the extent to which increase in trials predicted category learning accuracy. Third, the WCST effect estimated the extent to which WCST accuracy predicted auditory category learning accuracy. The trial by WCST two-way interaction indicated the extent to which overall WCST was predictive of higher rule-based auditory category learning across trials. The trial by WCST two-way interaction was significant (p < .001), indicating that the interaction of trials and overall WCST performance was predictive of higher rule-based auditory learning accuracy. This suggests that better executive flexibility results in more successful rule-based auditory category learning. The overall WCST performance effect was significant (p = .04), suggesting that higher overall WCST performance is significantly predictive of higher rule-based auditory categorization accuracy. The trial effect was significant (p < .001), suggesting that probability of an accurate response increases as a function of trial.
A second mixed effects regression analysis was conducted to determine whether WCST performance was predictive of participants' proportion of conjunctive strategy use using the lmer program with binomial logit link (see Table 7 ). Here, the dependent variable was set as conjunctive strategy use. The log odds of using a conjunctive strategy in a given block were estimated for fixed effects of block (increasing from 1 to 6, mean centered to 0), overall WCST accuracy, and their interaction terms. To correct for individual variability in executive flexibility, by-participant and by-age random slopes for block number were included. Age was treated as a continuous variable. Three simple effects were estimated by the analysis. First, the intercept modeled the log odds of conjunctive strategy use for a given block. Second, block effect estimated the extent to which increase in blocks predicted conjunctive strategy use. Third, the WCST effect estimated the extent to which WCST accuracy predicted conjunctive strategy use. The block by WCST two-way interaction estimated the extent to which overall WCST was predictive of conjunctive strategy use across blocks.
The block by overall WCST accuracy two-way interaction was significant (p < .001), indicating that the interaction of learning and overall WCST accuracy was predictive of greater conjunctive strategy use. The WCST effect was significant (p < .001), suggesting that higher overall WCST accuracy is significantly predictive of more conjunctive strategy use. The block effect was significant (p < .001), suggesting that probability of using a conjunctive strategy increases as a function of block. 
Discussion
We examined the development of rule-based category learning in the auditory domain using behavioral and computational modeling analyses. We also examined the extent to which variation in executive function predicted individual differences in accuracy and computational strategies used during rule-based auditory category learning. As hypothesized, the results show that rule-based auditory category learning improves with age, with young adults outperforming children and adolescents and with adolescents outperforming children. Computational modeling analyses indicated that the use of the task-optimal strategy (i.e., conjunctive strategy) and veridical perception (i.e., lower perceptual noise) increased with age. Irrespective of age, the use of task-optimal strategy and lower perceptual noise related to enhanced learning accuracy in the final block of training. Finally, individual differences in executive function significantly predicted higher overall rule-based auditory categorization accuracy as well as use of the optimal conjunctive strategy. We discuss each of these findings in detail.
Development of auditory category learning and rule-based strategies
The accuracy results show a protracted development of rule-based auditory categorization in the auditory domain. Adults outperform adolescents and children, and adolescents outperform children. Previous work on auditory perceptual learning has yielded a similar protracted developmental profile (Huyck & Wright, 2011; Sanes & Woolley, 2011) . Our computational modeling results show that the perceptual variance associated with the auditory ripple stimuli decreases with age, indicating more veridical perception. Computational modeling results indicate an increase in the ability to apply optimal conjunctive rules with age. Children are the least likely to use conjunctive rule-based strategies, instead focusing more on unidimensional strategies, whereas young adults are the most likely to use conjunctive strategies. Adolescents show intermediate levels of conjunctive strategy use. The protracted development of rule-based categorization and sub-optimal strategy use, demonstrated in the current study, is consistent with developmental evidence from the visual domain (HuangPollock et al., 2011; Minda et al., 2008; Rabi & Minda, 2014; Rabi et al., 2015) . Our results suggest that poor rule-based learning is not modality specific and may reflect slow maturation of a common rulebased network (i.e., the DLPFC and ACC). Previous studies in the visual domain have not examined adolescent performance on rule-based tasks. Our results unequivocally demonstrate that the ability to learn complex rule-based strategies is not complete during adolescence. To that end, these findings may reflect a more general slowly maturing prefrontal network that is critical to hypothesis testing across sensory modalities.
Multiple learning systems in audition
As discussed in the Introduction, numerous studies have examined the development of auditory category structures that are optimally learned by the implicit learning system. A general finding is a reduction in learning ability as a function of age. Here, we show an increase in auditory learning ability as a function of age through a rule-based auditory learning task, which is suggested to depend upon slow maturing prefrontal cortices. The current results also reveal that executive function is associated with successful auditory rule-based strategy use and, ultimately, auditory rule-based category learning success.
This study is the first to examine the developmental trajectory of auditory rule-based category learning. Our results suggest that in addition to implicit learning processes, human auditory learning is also mediated by an explicit hypothesis-testing system. These results are consistent with predictions made by dual-learning system approaches in vision that assume implicit and explicit learning systems, with the dominant system being determined by the nature of the underlying category structure to be learned . Dual-learning system models assume that the two systems compete throughout learning but that initial learning is dominated by the explicit hypothesis-testing system (Huang-Pollock et al., 2011) .
Because there is an initial bias toward hypothesis-testing strategies as a function of age, it makes sense to begin our examination of the development of auditory category learning with rule-based categories. Even so, a more complete understanding of the development of auditory category learning will require further examination of information integration category structures. A few developmental studies have been conducted in the visual domain. These studies reveal that both rule-based and information integration category learning improves with age (Huang-Pollock et al., 2011; Rabi et al., 2015; Visser & Raijmakers, 2012 ). Children's poorer learning of visual rule-based categories has been explained by a lack of ability to identify successful rules and inhibit unsuccessful rules, whereas children's poorer learning of visual information integration categories has been explained by a lack of ability to disengage from the hypothesis-testing system. Future work is needed to examine the developmental trajectory of auditory information integration category learning and to compare it with auditory rule-based category learning across development.
The current study is the first to establish the developmental profile of rule-based categorization in audition. In addition, by studying the adolescent population, we extend prior work in vision that has compared rule-based category learning in children and adults. We find that optimal learning in the rule-based auditory category learning task necessitates the use of conjunctive strategy, which is dependent on executive function and age. These results suggest that rule-based category learning is not modality specific. Our computational modeling provides independent estimations of perceptual and decisional processes, both of which relate to rule-based learning success. Given prior findings of poorer executive function in children with language and learning disorders (Hutchinson, Bavin, Efron, & Sciberras, 2012; Petruccelli, Bavin, & Bretherton, 2012; Singer & Bashir, 1999) as well as perceptual impairments (Wright et al., 1997) , further examination of performance on rule-based auditory category learning may provide a mechanistic and computational basis for understanding the mechanisms underlying language and learning disorders.
Conclusion
The current findings demonstrate the protracted development of auditory categorization performance from childhood through early adulthood. Our results further highlight the role that perceptual and prefrontally modulated cognitive processes play in successful auditory category learning. Prefrontally modulated neurocognitive processes, such as executive function, are necessary in order to fully use and engage hypothesis testing during rule-based auditory category learning.
